Heat stress resilience in maize hybrids is emerging as an important trait in germplasm targeted for cultivation in the post-rainy season spring in South Asia. One of the major challenges in targeted breeding for these agro-ecologies is the differential response of maize genotypes to heat stress across locations during the spring season. This study is targeted at identifying the major environmental variables that contributed to the genotype × environmental (GEI) yield variations observed among genotypes grown in response to heat stress. The trial dataset used for this study constitutes 46 trials × location combinations spread over a period of three years (2013)(2014)(2015). Partial least square (PLS) regression analysis was implemented to decipher the important environmental variables contributing to the observed yield variation among maize trials planted during spring across locations of South Asia. The first two factors from the PLS study explained the 30 per cent yield variation across trials. The largest contributor of this variation was relative humidity (RH) and vapor pressure deficit (VPD) during flowering stage of the crop across the years.
Introduction
Demand for maize in South Asia is increasing substantially due to an array of factors, such as changing diets and better remuneration from the rapidly progressing poultry sector. However, average maize yields in this region [estimated at about 2.9 tons per hectare (t/ha)], are still dismal and account for only about half of the world's average maize yields (FAO, 2016) . Increasing productivity or production area through the deployment of improved cultivars adapted to a wider range of environments/seasons could greatly help in bridging the gap between production and demand. The maize growing season in tropical parts of South Asia is largely confined to the rainy season in South Asia, during which optimum growing conditions and abundant water sources due to rains assures a good crop. Of late, post-rainy spring season (February-May) maize is emerging as a potential segment to expand maize production, provided a few production barriers are overcome. The need for frequent irrigation and high temperature (T max >35 o C) for long durations of the crop cycle (vegetative stage until early grain filling) referred to as heat stress, are the two major limiting factors of spring season maize production (FebMay) across tropical South Asia. Thus, resilience to heat stress is one of the most sought after traits in tropical germplasm targeted for maize growing zones in the spring (Zaidi and Cairns, 2011) . Largely characterized by high temperatures (T max >35 0 C during most of the crop cycle) during the spring season, these zones however vary with respect to minimum temperature (T min ), relative humidity (RH) and vapor pressure deficit (VPD). These variations can often lead to differential responses in cultivar yield, representing in part or full the genotype × environment interaction (GEI) component (Vargas et al. 2007; Hu and Buyanovsky, 2003) . A large and significant interaction component can upset the selection process in breeding programs and could pose a major roadblock to realizing potential gains (Westcott, 1986) . Most of the statistical tools available to address G × E interaction and identify stable genotypes are limited by the scope to include environmental variables into their statistical models (Vargas et al. 1998) . Environmental data is easy to access. However, delineating and understanding the most important environmental variables contributing to the genotype response is essential for a successful breeding program. Identifying environmental variables influencing grain yield response in genotypes could have major implications on crop breeding and also help in environmental demarcation for targeted deployment of cultivars. Studies have reported the use of different regression and non-regression approaches in quantifying genotype response to environmental variables (Lobell et al. 2011; Huang et al. 2004) ; however, each has its own limitations. The Partial Least Square (PLS) method was identified as a superior analytical tool to understanding GEI (Tobias, 2003) . It has been identified as extremely valuable in studies with a large number of correlated variables (Vargas et al. 2007 ). Though popularly used in chemometric studies, over the years, PLS' superiority over other multiple regressions approaches has been well demonstrated in different crops for various traits (Vargas et al. 1998; 2006; 2007; Fassio and Cozzolino, 2003; Hansen and Schjoerring, 2003; Ehsani et al. 1999; Talbot and Wheelwright, 1989) . While PLS is not a strong model to determine cause and effect relationships, it could be an effective tool in determining important factors that contribute to the G×E component (Vargas et al. 2007) . With this perspective, the current study was initiated to understand within-season climatic variations in relation to yield differences observed among germplasm characterized for heat stress tolerance over a period of three years across different locations of South Asia.
Results

Grain yield under heat stress (HS)
The study constituted 11 spring season yield trial dataset evaluated across locations of South Asia (Table 1, Figure 1 ). Each trial dataset comprised of different stages of maize breeding germplasm (early generation test-crosses to advance stage hybrids) evaluated at 3-5 locations under natural heat stress. The descriptive statistics of these trial data set are detailed in Table 2 . In general, mean yield was low (2.64 to 4.46 ton/ha) for all the trials. Substantial differences were noted within trial yields across locations, with significant genotype × environment effect. Across-location heritability of these trials for grain yield ranged between 0.22 and 0.60, with the exception of the year 2015 involving temperate × tropical top cross (h 2 =0.00) ( Table 2 ). While single location heritability for grain yield of this trial was acceptable (0.23 to 0.89), the dismal across-season heritability estimate suggests a stronger crossover performance of germplasm involved (temperate) across the locations (tropical) tested.
Environmental variables
To further explain the genotype × environment interactions, environmental variables (Temperature, Humidity and vapor pressure deficit) recorded daily were averaged across fortnightly intervals (designated Q1 to Q7) from the date of planting of the trial ( Table 3 ). The lowest T min (<20 o C) was recorded in a few locations of India (Sabour and Ludhiana, 2013), Pakistan (Yousafwala and Faisalabad, 2014) and Nepal (Nepalgunj, 2013 and , particularly during the early growth phase (Q1). The average relative humidity and vapor pressure deficit among the test locations were highly variable ( Figure 3 ) and the locations could be clearly grouped as dry and humid. Among the five locations of the 2013 trialing season, Nepalgunj (in Nepal) and Sabour (in India) were relatively more humid and recorded low vapor pressure deficits. In 2014, except for two locations in Bangladesh (Ishurdhi and Jessore) and one in India (Raichur), all the locations were dry and recorded high vapor pressure deficit. The highest vapor pressure deficit in the 2014 trialing season was recorded at Aurangabad and Bejjanki (5.0 to 7.0 kPa) locations of India, particularly during the flowering stage (Q5-Q6). All the four locations in the 2015 dataset recorded low RH and high VPD, except B'gudi (in India) during the last two fortnights (RH-70% and VPD-1.8 KPa).
Grain yield and partial least square
A partial least square analysis was performed using grain yield data as a dependent variable across locations to explain the influence of various environmental variables averaged over fortnightly intervals (Q1-Q7) during the trialing season. The first two latent factors extracted across 11 experimental trials evaluated over a span of three years (2013-2015) explained a cumulative 30 per cent of the variation observed among entries in the trials (Table 4) . Relative ranks for each of the weather variable components as determined from the Xloading values are presented in Table 5 . The X-loading values from the 2013 trialing season (Table 5) indicated T min during the vegetative stage (Q3) and early grain filling (Q7) followed by VPD (Q4) and RH (Q5) during the reproductive stage of crop growth as the most important variables. PLS results from the 2014 trialing season also indicated RH and VPD during the reproductive stage (Q5-Q6) as being the major determinants of differential grain yield response. Results of the 2015 trials showed T max and VPD during the vegetative crop growth stage (Q1), RH and VPD during the flowering stage (Q4) as the most important variables contributing to the observed variation due to G×E Means per row within years followed by the same letter (a-k) did not differ significantly at 5% level. (Table 5 ). In general RH during the reproductive stage (Q4) had positive loadings; T max (Q1) and VPD (Q4) had negative loading. Across the years, vapor pressure deficit during the flowering stage (Q4) contributed substantially to G×E variation followed by relative humidity (Q4-Q5).
Discussion
Three-year trial dataset used in the current study represents the performance of hybrids during spring season across different locations of South Asia. These locations were largely characterized by high temperature throughout the trial season (Figure 3) . The low trial yield (<4 t/Ha) recorded across these test locations are probably a result of the heat stress (T max >32 o C) observed during the entire crop growth. Several studies have discussed the relation between temperature and maize growth and also defined the impact of temperature beyond a threshold. For instance, high temperatures (>28 o C) during initial stages effect the emergence of the crop, largely by impacting the rate of protein synthesis by maize embryos (Rilkey, 1981) . During grain filling high temperatures (>35 o C) reduces kernel growth rate (Badu-Apraku et al. 1983 , Jones et al. 1984 Commuri and Jones, 2001 ) and high temperature (>35 o C) during flowering stages impact pollen viability (Herrero and Johnson, 1980; Dupuis and Dumas, 1990) . Among the different stages of crop growth flowering stage has been reported as the most critical to high temperature stress (Hatfield and Prueger, 2015) . In the current study T max during flowering is identified as one of the critical variable (though not the foremost) contributing to the yield variation observed in the spring season crop. The test locations in this study did not differ significantly for T max (>40 o C) during flowering, and might be the reason of non-identification of this variable as the foremost component contributing to yield variation. In the present study, T min observed across locations followed a trend similar to T max . In the 2014 trialing season, T min across locations recorded a gradual increase throughout the crop cycle. In the trialing seasons of 2013 and 2015, the locations sampled recorded a slight dip in this temperature during crop maturity. While there are no direct estimates of losses in corn yields due to increase in T min , Hatfield et al. (2011) observed that the effects of minimum temperature (>30 o C) could potentially reduce biomass and crop yields by directly affecting the night time respiration rates of plants. In this study, however, we did not find a substantial effect of minimum temperature on grain yield variation as explained through PLS factor 1 for the germplasm studied, except in the 2013 trialing season, wherein T min during the vegetative stage was found to be a major variable in the observed differential yield. The inability of the analysis to identify minimum temperature across years as an important variable might be because: (i) the effects of elevated minimum temperature are rather indirect and a result of a combination of other environmental variables or/and (ii) the environments sampled for the current study did not pose enough T min variation to be expressed in the observed yield losses. Two other important environmental co-variables studied were average relative humidity and vapor pressure deficit. Average RH across all locations studied was at its peak during the crop maturing stage (Q7-Q8), while the VPD was highest during the crop flowering stage. Hence, the atmosphere was drier during anthesis (Q4-Q5 stage) while it was relatively more humid during the grain filling stage. All the other crop growth stages presented relatively stable environmental conditions across locations and years. The PLS analysis in the current study revealed VPD and RH at crop flowering stage to be the most important environmental variables contributing to observed yield variation. In maize, the advantage of a humid atmosphere over a drier one in terms of better water-use efficiency translating to higher dry matter production, and eventually higher yields, have been clearly demonstrated in a study by Ben-Asher et al. (2013) . Further, it has also been reported that the effect of high temperature is enhanced under high VPD, because pollen viability (prior to silk reception) is a function of pollen moisture content that is strongly dependent on vapor pressure deficit (Fonseca and Westgate, 2005) . The lower yield as observed in our trials and VPD and RH being identified as two major components particularly during the flowering stage of crop further corroborates these findings.
Materials and Methods
Experimental datasets
Three years of spring trial dataset were used for this study, and they constituted different trials involving early and advanced generation breeding germplasm screened for heat stress tolerance during the spring season across several locations of tropical South Asian countries -including India, Pakistan, Nepal and Bangladesh. All the trials were laid out following an alpha lattice design in 3 to 4 m two row plots at a spacing of 75 cm × 20 cm, to represent an optimum plant population size of 66,666 plants/ha. The locations and trial matrix are presented in Table 1 and detailed here.
Year 2013 trialing season
Phenotypes from three trials namely HSHT-1, HTMAHT-1 and HTMAHT-2 formed this year trial dataset. The trials were screened across six high temperature environments of South Asia. Trial HSHT-1 consists of experimental hybrids formed from selected maize hybrids with reasonable levels of heat tolerance. HTMAHT-1 and HTMAHT-2 trials constituted 300 test-crosses of elite breeding lines from International Maize and Wheat Improvement Centre (CIMMYT) -Asia program.
Year 2014 trialing season
A total of six trials were selected for this year dataset and consists of one advance generation (ABHSHT) single cross hybrid trial and five test-cross trials (EWATC-1 to EYBTC-2) constituting test crosses of S 2:3 families derived from six multiparent population. These trials were evaluated across 7-9 locations of South Asia during the spring season of 2014.
Year 2015 trialing season
Two advanced generation trials, ATTC-2 and AS2BH-4, were used to form the 2015 dataset. While entries from ATTC-2 were planted in a single row (3-4 m) two replication trials, entries of AS2BH-4 were replicated three times. The ATTC-2 trial was planted at five high temperature locations, while AS2BH4 trial was planted in four locations.
Planting dataset
Trials at each location were planted during the spring season, such that the window of vegetative to flowering stage of crop growth was exposed to high temperature regimes. As the last 5-10 years' weather data for the first fortnight of May revealed a period of high temperature (≥40 o C) in most of the locations in South Asia, the planting of trials was done between the second fortnight of March to the first week of April across locations.
Weather data
Daily climate data on three environmental variables --T max and T min (in o C), and relative humidity (%) was recorded from each of the locations during the crop cycle (from planting till harvest). The fourth variable, vapor pressure deficit, was calculated as the absolute difference between saturation vapor pressure and actual atmospheric vapor pressure using the following formula by Anderson, 1936. [0.6108 × [17. 
Data processing
Phenotypic data recorded on the grain yield per plot was adjusted to 12.5 per cent moisture and scaled to tons/ha. Trials that exhibited less than 20 per cent heritability on single location analysis were dropped from further analysis (Table 1 ). In total, 11 trials evaluated across 12 locations over a period of three years (2013 to 2015) were selected for the current study. Daily weather data variables on four parameters (T max , T min , RH and VPD) based on each location trial were averaged for fortnightly (14 days) intervals from the date of planting (DAS) till around 98 days after planting, such that each fortnight represented a major crop growth stage starting from seedling emergence (V E ) to dough stage (R 4 ). The seven fortnights were then designated as Q1 to Q7. Hence, in total, 28 environmental variables spanning across seven fortnights of crop growth formed the basis for the partial least square analysis.
Data analysis
Single and across site analysis
The Residual Maximum likelihood (REML) approach was used to analyze grain yield from a single site trial dataset, treating blocks, entries and replications as random factors. Single location heritability of the trials was computed using the variance estimates and trials with poor repeatability (<0.15) were dropped from further analysis (Table 1) . Trials with good heritability were then subjected to across-location analysis and variance components estimated treating locations, entries, replication, and blocks as random effect. Data analysis was done using the R-software package (R development team, 2008) using the mixed model package lme4 and the function lmer (linear mixed effect model) was used to fit the data. Broad-sense heritability across locations for grain yield was estimated from the variance components using the formula below:
Wherein, σ^2G , σ^2G × E and σ^2E represent genotypic, genotype × environment and residual variance respectively, while nL and nR represent the number of locations and replications respectively.
Partial least square analysis (PLS)
PLS analysis was performed for individual trials using the yield dataset across locations for respective trials and the average of environmental variables across the seven fortnights (Q1-Q7) in the growing season. The data was analyzed using R implemented through the software handle GEA-R (Genotype × Environment Analysis with R for Windows) Version 2.0 (Pacheco et al. 2015) . Plot data from each of the trial evaluated at different locations was used for the analysis. The data was analyzed following the model described by Vargas et al. (1998) wherein, the dependent variable (grain yield) was represented as a matrix of the number of genotypes × the number of locations where the trial was evaluated, while the environmental variables across the seven fortnights at all locations where the trials were evaluated formed the explanatory matrix. Latent factors obtained through PLS account for the variations observed in the response variables. The absolute values of Xloadings obtained for each variable for the latent factor represents the relative importance of that variable in explaining the G × E interaction component. As this study aimed at understanding the environmental covariables contributing to yield variation among different high temperature stress locations, by comparing the results from different trial datasets, the variables were initially ranked based on their relative importance for one factor within a trial using the absolute values of their loadings. The average of these ranks represented the relative importance of the environmental variable in contributing to yield variations across locations across years. The range of X-loading and relative ranks of each variable across the year is presented in Table 4 .
Conclusion
All the sites in the study, though characterized by their relative high maximum temperatures, varied largely in other environmental variables and could be further classified as dry and humid environments. Across locations and years, a consistently high X-loading was observed for RH and VPD, particularly during the flowering stage (Q4-Q5), implicating them as major determinants of yield variation across locations. These results did not indicate a major role for minimum temperature in contributing to G × E, as the locations across the test sites did not vary substantially for the same; rather, VPD and RH at maximum temperature were found to be the key contributors to G × E effects, and therefore, yield variability across locations.
